Equation (RUSLE), remotesensing, and geographical information system (GIS) 
I. Introduction
The adverse influences of widespread soil erosion on soil degradation, agricultural production, water quality,hydrological systems, and environments, have long been recognized as severe problems for human sustainability (Lal, 1998) . However, estimation of soil erosion loss is often difficult due to the complex interplay of many factors,such as climate, land cover, soil, topography, and human activities. In addition to the biophysical parameters,social, economic, and political components also influence soil erosion (Ananda and Herath, 2003) . Accurate andtimely estimation of soil erosion loss or evaluation of soil erosion risk has become an urgent task.Scientists have been involved in soil erosion research for a long time, and many models for soil erosion lossestimation have been developed (Wischmeier and Smith, 1978 Lal (2001) highlighted major empirical models for predicting soilerosion loss. In practice, the Universal Soil Loss Equation (USLE) and later the Revised Universal Soil LossEquation (RUSLE) has been the most widely used model in predicting soil erosion loss. The USLE was originallydeveloped for soil erosion estimation in croplands on gently sloping topography (Wischmeier and Smith, 1978) .
The RUSLE has broadened its application to different situations, including forest, rangeland, and disturbed areas(Renard et al., 1997). Traditionally, these models were used for local conservation planning at an individualproperty level. The factors used in these models were usually estimated or calculated from field measurements.The methods of quantifying soil loss based on erosion plots possess many limitations in terms of cost,representativeness, and reliability of the resulting data. They cannot provide spatial distribution of soil erosionloss due to the constraint of limited samples in complex environments. So, mapping soil erosion in large areas isoften very difficult using these traditional methods.
The use of remote sensing and geographical information system (GIS) techniques makes soil erosion estimationand its spatial distribution feasible with reasonable costs and better accuracy in larger areas (Millward and Mersey,1999; Wang et al., 2003) . For example, a combination of remote sensing, GIS, and RUSLE provides the potentialto estimate soil erosion loss on a cell-by-cell basis (Millward and Mersey, 1999). Boggs et al. .Brazilian Amazonia has experienced high deforestation rates since the 1970s, with large areas of mature forestbeing converted to patches of different successional stages, agricultural lands, and pastures .The deforestation has been recognized as a major cause of soil degradation through soil erosion and the changes inimportant climate and ecosystem components (Thiam, 2003) . However, the evaluation of soil erosion riskwithin Brazilian Amazonia has not attracted sufficient scientific attention. This article explores this topic usinga simplified RUSLE based on the integration of remote sensing and GIS in the moist tropical region of theBrazilian Amazonia and examines the relationships between land use and land cover (LULC), and soil erosionrisks.
II. Brief Description Of The Rusle
The RUSLE represents how climate, soil, topography, and land use affect rill and interrill soil erosion caused byraindrop impact and surface runoff (Renard et al., 1997). It has been extensively used to estimate soil erosion loss,to assess soil erosion risk, and to guide development and conservation plans in order to control erosion underdifferent land-cover conditions, such as croplands, rangelands, and disturbed forest lands 
III. Evaluation Of The Soil Erosion Risk
Six parameters are required for the soil erosion estimation, as described previously. Because this study focuses onthe evaluation of soil erosion risk, instead of estimation of actual soil erosion loss, the R and P factors were not Used, assuming that same climatic conditions and no support practices existed within the study area. So the soilerosion risk (SER) was developed based on K, LS, and C factors in a simplified equation: SER.K LS C.
IV. Development Of The K Factor Image
The K factor is related to the integrated effects of rainfall, runoff, and infiltration on soil loss, accounting for theinfluences of soil properties on soil loss during storm events on upland areas (Renard et al., 1997). It is often estimated through experimental equations (e.g., Equation 2) or corresponding nomographs (Wischmeier andSmith, 1978).The K value for each sample plot was calculated, then each soil type was associated with a K value assumingthat the same soil type has the same K value throughout the study area. Figure 6 illustrates the K factor distribution.It indicates that most of the study area has a K value of less than 0_2.
V. Development Of The Ls Factor Image
The LS factor accounts for the effect of topography on erosion in RUSLE. The slope length factor (L) representsthe effect of slope length on erosion, and the slope steepness factor (S) reflects the influence of slope gradient onerosion. The common equation used for calculating LS is an empirical equation (see 
VI. Development Of The C Factor Image
The C factor reflects the effects of cropping and management practices on soil erosion rates in agricultural landsand the effects of vegetation canopy and ground covers on reducing the soil erosion in forested regions (Renardet al., 1997). Usually, the C factor is derived using empirical equations based on the measurements of manyvariables related to ground covers collected in the sample plots. The C factor values at non-sampled locations wereestimated through spatial interpolation techniques. This method is often timeconsuming and computer intensive. Remotely sensed data have been used to estimate the C factor distribution based on land-cover classification results(Millward and Mersey, 1999; Reusing et al., 2000) , assuming that the same land covers have the same C factorvalues. The result greatly depends on: (1) the details of land-cover classes and classification accuracy; and (2) thedetermination of a suitable C factor value for each class. However, the same land-cover class may have different Cfactors due to variations in vegetation density. In this study, the C factor was estimated (see Equation 4 ) based on the fraction images from spectral mixtureanalysis (SMA) of Landsat ETM. image, assuming that abundant vegetation cover associated with a complexstand structure results in less soil erosion loss, while more soil fraction associated with less vegetation cover resultsin higher soil erosion loss.
VII.
Discussion And Conclusions . In general, RUSLE is used for estimating average annual soil erosion loss based on sample plot data. Theuse of remote sensing and GIS allows us to map the spatial distribution of soil erosion risk. However, because remotely sensed data capture the surface characteristics at the time of the image acquisition, caution must be takenwhen developing the C factor image. Calibration of the results using reference data may be necessary if it is usedfor estimation of absolute soil erosion loss. Also, the use of multitemporal remotely sensed data may be necessaryto generate an average C factor image.Six parameters, derived from different data sources such as DEM, soil, climate, and remotely sensed data, areused in the RUSLE. The different data sources may have different data formats, projections, data quality, andspatial resolution. The use of GIS provides the tools to manage and analyze these data. However, the evaluation ofthese data is necessary before they are used. The uncertainties regarding data sources may introduce largeruncertainties in soil erosion estimates. Great attention should be paid to the evaluation and preprocessing of datasources, such as data interpolation, conversion, and registration.
VIII. Mapping Soil Erosion Risk
Estimation of soil erosion loss in a large area is often difficult, as well as its validation. Although this paperfocuses on the evaluation of soil erosion risk, validation using reference data is also valuable. For example, ifreference data are available, the classification of soil erosion risk and the identification of thresholds for each risklevel will be more appropriate.In summary, this study provides an approach for the evaluation of soil erosion risk in Brazilian Amazonia basedon a combination of RUSLE, remote sensing, and GIS. This is an effective way to map the spatial distribution ofsoil erosion risks in a large area. The methods and results described in this article are valuable for understandingthe relationship between soil erosion risk and LULC classes and are useful for managing and planning land usethat will avoid land degradation. For Brazilian Amazonia, such topics are very important due to current activities involving forest conversion to other land covers.
